Abstract. We offer a hypothesis on the organization of multi-effector motor synergies and illustrate it with the task of force production with a set of fingers. A physical metaphor, a leaking bucket, is analyzed to demonstrate that an inanimate structure can show apparent error compensation among its elements. A neural model is developed using tunable back-coupling loops as means of assuring error compensation in a task-specific way. The model demonstrates non-trivial features of multi-finger interaction such as delayed emergence of force stabilizing synergies and simultaneous stabilization of the total force and total moment produced by the fingers. The hypothesis suggests that neurophysiological structures involving short-latency feedback may play a central role in the formation of motor synergies.
Introduction
Recent studies have addressed the coordinated action of human digits to stabilize such performance variables as the total force and the total moment of forces applied to an external object (Latash et al. 2001 (Latash et al. , 2002a Shim et al. 2003 Shim et al. , 2004 Zatsiorsky et al. 2003) . In those studies, multidigit synergies were operationally defined as coordinated changes in elemental variables (individual digit forces and moments or hypothetical independent signals to individual digits; reviewed in Latash et al. 2002b; Zatsiorsky and Latash 2004) . The studies have shown that individual finger forces/moments co-vary across repetitions of a task to stabilize the resultant force and/or the resultant moment applied either to a fixed external object or to a free handheld object maintained at rest.
A number of findings have suggested limitations in the ability of the human hand to stabilize the total force applied by a set of digits. In particular, multi-finger pressing tasks have shown preferential stabilization of the pronation/supination moment of forces even when the explicit task and the visual feedback emphasized total force staCorrespondence to: M. L. Latash (e-mail: mll11@psu.edu, Tel.: +1-814-863-5374) bilization while no feedback was provided on the moment (Latash et al. 2001 (Latash et al. , 2002a . In slow ramp force production tasks performed under visual feedback, the initiation of the ramp was always associated with positive covariation of individual finger forces, quantified both across trials and across samples within a single trial, that could stabilize the pronation/supination moment but destabilized the total force Shim et al. 2003) . This counter-intuitive relation among finger forces persisted for a certain critical time and was followed by a negative covariation among the finger forces adequate for the total force stabilization. The findings of positive covariation among finger forces early in the trial may be interpreted as pointing at an inability of the controller to organize negative covariation of finger forces -to stabilize the required time profile of the total force -during the initial segment of trial. The critical time was shown to vary between about 100 ms and 800 ms, while during very fast force production trials it dropped to under 40 ms . Such delays are hardly compatible with an action of proprioceptive feedback loops. Hence, we assume that emergence of negative covariation among finger forces is likely to be based on a central back-coupling mechanism within the central nervous system. We will address this assumption as the central back-coupling (CBC) hypothesis.
A rusty bucket metaphor
We would like to illustrate the general idea of the CBChypothesis with a simple physical analogy -a rusty bucket metaphor (Fig. 1) . Imagine that you have an old bucket with a lot of holes in the bottom. The holes are rusty with uneven edges, with crumbs of metal falling off occasionally. Also, there is rubbish on the bottom of the bucket that sometimes blocks partly some of the holes. Now let us pour water into the bucket at a constant rate. The water will pour out through the holes such that each hole will show a flow related to its time-dependent area, s i (t) , and the level of water accumulated in the bucket, H (t). At some level of water, the pressure will be such that the amounts of water poured into the bucket, Q(t) and out of the holes, q i (t) will be equal, and the system will be in an equilibrium. If Water is poured at a rate Q into the bucket with the total cross-sectional area S. The holes in the bottom have areas s i and water outflow q i that depends on the water level H we increase the flow of water into the bucket, a new equilibrium will be reached at a new water level corresponding to a higher pressure and proportionally higher outflow. Imagine now that a crumb of metal falls off the edges of one of the holes. It becomes bigger and the amount of water flowing out of the hole increases. As a result, the level of water in the bucket starts to fall down leading to a decrease in the pressure and in the amount of water flowing out of all the holes. Ultimately, the water in the bucket will reach a new, lower level corresponding to a new equilibrium.
If one ignores the object in its entirety and looks only at the behavior of its elements (holes), quite an interesting picture emerges: one element (the crumbling hole) introduces a change in its behavior. As a result, all other holes change their behavior (start to let less water through) such that the overall performance variable (the total amount of water flowing out of the bucket) remains unchanged, equal to the amount of water that is being poured in. In more general terms: one element introduced an error into the functioning of the system. Other elements corrected the error (we will call such phenomena error compensation among elements, Gelfand and Latash 1998) .
The water balance equation for the rusty bucket is
where S is the area of the bucket horizontal cross-section, s i (t) are the fluctuating areas of the individual holes, u is velocity of water outflow from the holes, and n is the total number of holes. For a real rusty bucket, one would have u = 2gH , but a mathematical model (and we are obviously interested in the latter rather than in the bucket itself) becomes much simpler if assuming u ∝ H . To simplify the situation still further, we assume that the area fluctuations are small, s i (t) << s i (t) and their spectrum represents a delta function:
In other words, the fluctuations are assumed to be periodic,
with α << 1, and |ω i − ω j | << ω i ≈ω 0 , but incommensurable frequencies,
Getting rid of dimensionful parameters, we can write Eq.
(1) in the form:
This equation can be solved analytically. A general solution to this equation with the initial conditions H (0) = H 0 is:
To illustrate the main features of this model, we will be interested mainly in the long time-scale asymptotics of the solution where all relaxation processes are complete and the result does not depend on initial conditions. Neglecting H 0 in Eq. (6), introducing y = (t − τ ), and extending the integral over dy up to infinity, we obtain:
Multiplying it by s i (t) from Eq. (3) gives a quantity proportional to the water flow from the hole i, q i = s i u(H ). The quantity of interest is the correlation between the flows associated with different holes. When α << 1, the correlation coefficients can be easily evaluated by expanding q i (t) in α up to terms ∝ α 2 and using the rules (4). A simple calculation gives the result
The correlation is always negative. In the most simple case of two holes with ω 0 << 1 (physically, ω 0 T << 1, where T is the characteristic relaxation time of the system), the correlation coefficient reaches its maximal absolute value, k = −1. A measure of finger force covariation ( V ) was introduced in earlier studies Shim et al. 2004) :
where Var F j stands for the variance of the force produced by finger j [j = index(i), middle (m), ring (r), and little (l) fingers] and Var F TOT stands for the variance of the total force produced by all fingers. Note that both Var indices were computed over a set of trials at a multi-finger task at each moment of time, such that V in this expression is 188 a time function. An analogous steady-state index can be computed for the outflows of water from different holes in our model. We obtain:
A few conclusions can be made. First, the index V is always positive meaning a negative covariation among water outflows from the holes. Second, an increase in the number of holes over two leads to relatively small changes (a mild increase) in V . Third, there is a strong dependence of V and pair correlations k ij on ω 0 : When the frequency is high as compared to the inverse characteristic relaxation time of the system, the level of water H cannot follow the fluctuations of s i (t) and the correlations disappear. The rusty bucket functions on the principle of conservation of matter. The neural network needs to have explicit feedbacks to emulate such a mechanism. Besides, we would like the neural network to be able to change its functioning in a task-specific manner. This leads us to the following hypothesis. Gelfand and Tsetlin (1966) , which links outputs from a set of neurons to feedback inputs to the same neurons.
The controller creates synergies by adjusting gains at central feedback loops among neuronal structures ("neurons") whose output specifies values of elemental variables. Emergence of a synergy among the elemental variables may be associated with creation of a gain matrix [G] -partly analogous to the control matrices introduced by
We are going to illustrate this hypothesis with an example of control of four fingers of the human hand involved in tasks that require the production of an accurate time profile of force and/or of a constant moment with respect to the longitudinal axis of the hand/forearm (pronation/supination moment). Since we are interested in the patterns of finger force covariation, we did not introduce in this model the phenomenon of force deficit, which, for a given number of fingers, would simply result in scaling of the outputs of all fingers with a constant coefficient (Danion et al. 2003) .
The central back-coupling model
The CBC-model (Fig. 2) uses a plausible neural mechanism of self-and lateral inhibition among the elements (output neurons). Such connections were described for various neurophysiological structures (e.g., the wellknown system of Renshaw cells, Rothwell 1994) and were also used in "winner-takes-all" artificial neural nets (Kincaid et al. 1996; Lund et al. 2003 ). In Fig. 2 [0.31, 0.29, 0.21, 0 .19] as a typical pattern seen during four-finger force production tasks in young healthy subjects Zatsiorsky et al. 1998 Zatsiorsky et al. , 2000 . This signal is assumed to be noisy (Gaussian noise with zero average is added) leading to inputs to 
t) = S B (t) + [G]m(t − t), where m(t)
is the output of level B neurons. Besides projecting on level C interneurons, this output is also transformed by a finger interconnection matrix [E] , also addressed as an enslaving matrix ) resulting in finger forces:
Our preliminary analysis was limited to a case of all g ij < 0, t = 10 ms, Thr = 0.05 N, and a task of ramp force production from zero to 30 N over 3 s (for simplicity, all signals in the network are expressed in newtons). G may be viewed as a synergy matrix that defines patterns of covariation among the outputs of the elements. The E matrix was taken to represent typical values (Zatsiorsky et al. 2000) with an average enslaving of about 10% of corresponding MVC forces. The noise level was set proportional to the sharing with the average standard deviation of 0.05. Figure 3a illustrates the time profiles of individual finger forces for a typical trial at the task by the described neural network. In this example, all g ij were set at −0.33. The sharing pattern was selected to reflect actually observed typical sharing patterns during such tasks (Latash et al. 2002a; Shim et al. 2003) . The network performed the task 12 times. Time profiles of the sum of the variances of the individual finger forces [ Var F i (t) ] and the variance of the total force [Var F TOT (t)] were computed over the twelve Figure 3b illustrates a typical time profile of V F (t). Note that V F (t) is negative early in the trial corresponding to positive covariation among the finger forces. After about 200-300 ms, V F (t) turns and remains positive corresponding to negative covariation of the finger forces, i.e. total force stabilization. Such transients were not analyzed in the rusty bucket metaphor. In that model, all processes are assumed to be ruled by the laws of physics (hydrostatics) without time delays. Hence, no special behavior is expected early in the transition period.
Network testing
Using the same data, we also computed variance time profiles of the moments of forces produced by the fingers with respect to the midpoint between the middle and ring fingers. We assumed that the fingers are aligned along a straight line at 3 cm intervals, a typical configuration in many earlier studies Latash et al. 2001 Latash et al. , 2002a Shim et al. 2003) . Hence, the lever arm magnitudes for the two lateral fingers were assumed 4.5 cm, while the lever arms for the two central fingers were assumed 1.5 cm. The dashed line in Fig. 3b illustrates V M (t) computed similarly to the force variance profiles but taking into account the different lever arms of individual fingers (including the difference in their signs). Note that V M (t) is negative over most of the trial duration.
Further, we have explored the importance of the g ij entries of the synergy matrix [G] . Figure 4 illustrates what happens with V F (t) and V M (t) time profiles when two of the g ij entries are set to positive numbers (g il = g li = 0.15, where i and l stand for the index and little fingers, respectively). This figure shows that the neural net can generate patterns of finger force covariation that stabilize both the total force and the total moment corresponding to experimental observations (Shim et al. 2003; Shinohara et al. 2003) .
To provide another link to the "rusty bucket" model, we have analyzed the effects of changing the mean power frequency of the noise signal, N(t) on V . According to Eq. (10), an increase in the frequency of the signal (ω 0 ) should lead to a drop in V . Figure 5 illustrates the dependence of V on the mean power frequency of the noise signal for the neural model; V was computed over twelve realizations of the task, for each moment of time, and then averaged over the task duration. The figure shows a close to linear drop in V with an increase in the mean power frequency of N(t). 
Discussion
Our study has shown that certain salient features of multifinger synergies, such as error compensation, may result from a central back-coupling mechanism. As such, they do not necessarily require action of proprioceptive feedback loops (cf. Todorov and Jordan 2002) . This does not mean, of course, that a similar error correction mechanism cannot make use of the proprioceptive information. Rather, that the relative role of this information inflow may vary. The suggested scheme was able to reproduce some of the less trivial results of recent studies, including a switch from positive to negative covariation among finger forces at a certain critical time (Shim et al. 2003 ). It has also been able to demonstrate both total force and total moment stabilization simultaneously as well as preferential total moment stabilization early in the task, even though the task input specified a time profile of the total force but not of the total moment (Latash et al. 2001 (Latash et al. , 2002b ).
Short-latency negative feedback loops, also addressed as lateral inhibition and surround suppression, are rather common in the central nervous system. They have been described and/or postulated for sensory system of different modalities (Lund et al. 2003; Schoppa and Urban 2003; Wehr and Zador 2003; Ozeki et al. 2004 ) as well as for brain circuits traditionally associated with the production of movement (Fukai 1999) .
Typically, the function of lateral inhibition was discussed as related to detecting small changes in the magnitude of a signal (Litvinov 2002; Urban 2002) or optimizing temporal precision in signal detection (Wehr and Zador 2003) . As our model suggests, such feedback loops may play a more subtle role in the control of the output of neuronal pools, in particular stabilizing the level of the output or its particular functional form, e.g. the total moment produced by the fingers in the model. Changing the strength of the feedback projections in such systems may be viewed as a means of adjusting the functioning of the pool in a task-specific way (e.g., Guzman et al. 2003) .
The well-known system of Renshaw cells (recurrent inhibition) has recently become incorporated into several hypotheses on the control of movement (van Heijst et al. 1998; Uchiyama et al. 2003) . There is substantial variability in the organization and the strength of inhibitory projections mediated by Renshaw cells in different muscles (Katz et al. 1993) . These projections can be modulated pharmacologically and by descending projections (Mattei et al. 2003; Hultborn et al. 2004 ). According to the current model, such organization favors a role of the Renshaw cells in stabilizing the output of a motoneuronal pool in a way that could be muscle-and task-specific (cf. Hultborn et al. 2004) . Certainly, our analysis does not imply that projections of Renshaw cells on motoneurons can change from inhibitory to excitatory. However, modulation of the strength of inhibitory projections may be expected to change the degree of stabilization of the total output of the motoneuronal pool. Similarly designed systems with short-latency back-coupling projections that can change both gain and sign of their action may be expected to be more powerful in their ability to stabilize different output functions.
In earlier publications (Gelfand and Latash 1998; Latash et al. 1998) , we suggested that motor synergies were defined by two features, sharing (e.g., Li et al. 1998; Tresch et al. 1999; Saltiel et al. 2001; Ivanenko et al. 2004 ) and error compensation (e.g., Abbs and Gracco 1984; Kelso et al. 1984; Berkinblit et al. 1986; Latash et al. 1998) , and claimed that error compensation was a more salient feature because stable sharing among a few components is typical of many inanimate objects such as the prongs of a fork or the legs of a table. We have apparently underestimated the sophistication of the inanimate nature. The rusty bucket example shows that a rather mundane object can demonstrate features that look like error compensation. There is one feature of the CBC-model, however, that no inanimate object seems to be able to replicate, that is, its ability to change the covariation pattern of the elements (with the help of the G matrix) in a task-specific manner.
We see the notion of a G matrix as central to the hypothesis. Adjustments in G may occur independently of the task (Fig. 2 ). As such, this scheme allows for changes in patterns of covariation among elemental variables without a change in their combined output. Our recent experiments have shown that, indeed, the index of finger force covariation ( V ) shows changes about 100 ms prior to a change in the total force when the task requires a quick change in the total force (Shim et al. 2005) . We have termed this phenomenon "anticipatory covariation"; the CBCmodel provides a scheme that can account for anticipatory covariation in the absence of visible changes in the combined output of the system.
